Abstract-Magnetization-prepared acquisitions offer a trade-off between image contrast and scan efficiency for magnetic resonance imaging. Because the prepared signals gradually decay, the contrast can be improved by frequently repeating the preparation, which in turn significantly increases the scan time. A common solution is to perform the data collection progressing from lowto high-spatial-frequency samples following each preparation. Unfortunately, this leads to loss of spatial resolution, and thereby image blurring. In this work, a new technique is proposed that first corrects the signal decay in high-frequency data to mitigate the resolution loss and improve the image contrast without reducing the scan efficiency. The proposed technique then employs a sparsity-based nonlinear reconstruction to further improve the image quality. In addition to reducing the amplified high-frequency noise, this reconstruction extrapolates missing k-space samples in the case of undersampled compressed-sensing acquisitions. The technique is successfully demonstrated for noncontrast-enhanced flow-independent angiography of the lower extremities, an application that substantially benefits from both the signal compensation and the nonlinear reconstruction.
I. INTRODUCTION

G
RADIENT-echo (GRE) sequences provide significantly faster acquisitions compared with spin-echo sequences [1] , and have found wide use in numerous magnetic resonance imaging (MRI) applications such as 3-D imaging [2] , coronary imaging [3] , [4] , angiography [5] , functional MRI [6] , and hyperpolarized imaging [7] , [8] . However, because data are acquired while the magnetization is in a dynamic equilibrium known as steady state, GRE demonstrates different signal characteristics than spin-echo sequences. Furthermore, the direct application of conventional contrast-generation methods (e.g., inversion recovery, -preparation) would substantially prolong the repetition times (TR) of GRE sequences, taking away their speed advantage.
To maintain both the desired contrast and the acquisition speed, the signals generated by magnetization-preparation modules are usually captured with GRE host sequences [9] , [10] . Unfortunately, the initial contrast is progressively replaced by the lower steady-state contrast in such transient acquisitions. Therefore, after a single preparation, only a limited amount of k-space data can be collected with the desired contrast.
Magnetization-prepared sequences often employ two complementary strategies to address this issue. First, segmented k-space acquisitions can be performed, where the preparation is repeated multiple times for complete coverage and each segment is followed by a magnetization-recovery period. Increasing the number of segments enhances the image contrast, but degrades the scan efficiency due to the preparation overhead. Although prolonged scan times can be avoided with the help of acceleration techniques such as parallel imaging [11] , [12] , large undersampling factors are necessary. This can result in reduced SNR, as well as residual undersampling artifacts.
Second, the captured signal for each shot can be enhanced with centric phase-encode ordering, since the energy in MR images is mostly concentrated at low spatial frequencies [13] - [15] . However, the transient signal decay acts as a low-pass filter on the data, reducing the image resolution [13] , [16] . Although variable-flip-angle schemes can improve the signal homogeneity across k-space [8] , [17] , this is often achieved at the expense of decreased signal and contrast levels.
In this work, we propose a simple postprocessing technique in conjunction with centric k-space acquisitions to enhance magnetization-prepared sequences. The technique compensates the k-space data for the signal decay experienced by the tissue of interest (i.e., the data are high-pass filtered to enhance the intensity of high-spatial-frequency samples). This compensation prevents image blurring in centric acquisitions without reducing the signal levels, thereby improving the spatial resolution. Furthermore, assuming the background tissues have lower spatial-frequency content than the tissue of interest (e.g., muscle versus blood vessels), the desired tissue signal will be increased while the background level remains relatively constant. As a result, the image contrast will be enhanced without the need for prolonged scan times (i.e., increased number of segments) or large undersampling factors. Finally, the technique incorporates sparsity-enforcing reconstructions [18] - [20] to suppress the amplified noise due to higher weighting of peripheral k-space data.
The proposed technique offers significant performance improvements for flow-independent steady-state free precession (SSFP) angiography [21] , [22] , a magnetization-prepared sequence that can produce vessel images without the need for contrast agents [23] . These angiograms can suffer from image blurring due to the signal decay during centric acquisitions, and a large number of segments are required for effective capturing of the transient contrast. Correcting for the blood-signal decay addresses both problems without extending scan times. Furthermore, because angiographic datasets are inherently sparse in the spatial-finite-differences domain, sparsity-based nonlinear reconstructions can reduce the resulting noise and depict the blood vessels reliably [24] .
II. METHODS
Although many applications can benefit from the technique presented in this work, we specifically demonstrate the results on magnetization-prepared SSFP angiography. These SSFP sequences can produce flow-independent angiograms without contrast agents through segmented and centric k-space acquisitions [22] , [25] , [26] . However, because the prepared contrast gradually decays to the lower SSFP contrast, tissue signals vary across k-space [24] . More frequent preparation can improve the captured contrast by shortening the readout clusters, but it also prolongs the total scan time. Instead, we propose to enhance the image contrast and resolution without any scan-time penalties, by simply compensating for the signal decay in transient acquisitions. A sparsity-based nonlinear reconstruction is then employed to recover the blood vessels from fully-sampled and undersampled datasets [20] . While this nonlinear technique performs image denoising in the former case, it is used to simultaneously reduce noise and aliasing artifacts in the latter. Because the reconstructions in both cases are identically formulated, we will simply refer to them as compressed sensing (CS) for the sake of brevity and coherence.
The Sections II-A-II-E provide a brief overview of the magnetization-prepared pulse sequence, and describe the signal-compensation scheme along with the sparsity-enforcing CS reconstructions. Afterward, the simulations and in vivo experiments performed to demonstrate the technique are outlined.
A. Pulse Sequence
In lower-extremity MR angiograms, fat and muscle tissues are the two major constituents of the background signal. The fat signal can be effectively suppressed with an alternating repetition time (ATR) SSFP host sequence [26] , [27] . Meanwhile, -preparation with an adiabatic BIR-4 pulse is employed to reduce the muscle signal [28] . However, because the generated contrast is transient, the capturing efficiency is enhanced by performing centric phase-encode ordering on a square-spiral trajectory [29] . The diagram of the magnetization-prepared sequence is shown in Fig. 1 . Immediately following -preparation, a ramped series of RF excitations dampens the transient signal oscillations [30] , [31] . All data samples within a given segment are then acquired with the host sequence. Finally, the magnetization is allowed to relax during a recovery period. This entire module is repeated to collect each k-space segment. A -preparation is performed at the beginning of each k-space segment, followed by a ramped series of RF excitations to dampen the transient signal oscillations. Afterward, data are acquired with an ATR SSFP host sequence. Because the prepared contrast gradually decays to the steady-state contrast, only a limited number of samples are collected after a single preparation. The magnetization is then allowed to recover during a certain time period. This procedure is repeated until all segments are acquired. The phantom was deconstructed into its two tissue components (left column), namely muscle and blood vessels in the upper and lower rows respectively. The spectral-domain (i.e., k-space) representation of each component image was computed separately with a two-dimensional Fourier transform (center column). The central cross-sections of the Fourier transforms are also visualized (right column). All spectra in are normalized to yield a maximum amplitude of unity, and shown in logarithmic scale with identical display windowing. As clearly observed, the spectrum for the blood-vessel image is much broader than that for the muscle image. Because the vessels have smaller structures, they have significantly increased high-frequency content compared to the large muscle tissue.
B. Signal Compensation
The proposed technique can improve contrast if the tissue of interest has higher spatial-frequency content than the background. This condition is effectively satisfied for lower-extremity angiograms, where relatively thin blood vessels are paired with large blocks of skeletal muscle tissue. The axial cross-section of a simple numerical lower-leg phantom is shown in Fig. 2(a) . The individual spatial-frequency contents (i.e., spectral widths) can be computed by first separating the phantom into its blood and muscle components [ Fig. 2(b) ]. The corresponding k-space representations (i.e., Fourier transforms) clearly demonstrate that vessels contribute more heavily to high-spatial-frequency data (e.g.,
, where is the k-space radius) than muscle, due to their finer structures.
To illustrate the effects of compensation on the image quality, we can closely analyze the acquired MR signal (1) where denotes the k-space location vector as a function of time, is the spatial coordinate vector, and is a bivariate white Gaussian noise term.
, the spatio-temporal distribution of the transverse magnetization, can be written as the summation of the individual tissues' contributions (2) Here, represents the transient magnetization level, which depends on the of each tissue as well as the sequence parameters. Meanwhile, is the image mask that describes the spatial distribution of each tissue [e.g., the component masks in Fig. 2(b) ]. This decomposition allows us to separately analyze the spatial and temporal variations of the transverse magnetization.
To express the acquired signal in k-space, the variation of blood and muscle magnetization levels was derived as a function of . First, the transient magnetization,
, following catalyzation was computed with Bloch simulations. Assuming the magnetization vector has been aligned with its steady-state direction after catalyzation, the decay of the transient magnetization can be stated as [30] , [32] (3) where and denote the initially prepared and steadystate magnetizations, and for . The exact mathematical expression of the decay rate, , is fairly complicated for ATR SSFP. Nonetheless, the empirical decay characteristics of ATR are reasonably similar to that of regular SSFP, which is a weighted average between pure and decays for on-resonant spins [32] . The k-space trajectory is also as a function of time, , given the sampling pattern and the number of k-space segments. Finally, we can compute , the tissue magnetization during the acquisition of a corresponding k-space sample (4) where represents the inverse mapping . Approximate and values from literature [33] , [34] were selected to simulate the blood magnetization across k-space. Although measurement routines can be incorporated for improved performance, the final results were not considerably affected by small variations in parameter values according to our observations. Furthermore, accurate . The initial blood/muscle contrast of , decays to in steady-state. The illustrative spatial-frequency extents (BW) of these two tissues are also shown. Due to the fine structure of vessels in the extremities, the blood signal has higher spatial-frequency content compared to that of muscle. Hence, the blood signal can be increased by compensating for its decay, while the muscle signal remains roughly the same. This enhances the blood/muscle contrast and prevents the blurring of vessel images.
estimation of these parameters often requires substantial scan times. The following relaxation parameters were used in the simulations:
ms for blood [33] , [34] , and ms for muscle [35] at 1.5 T. Meanwhile, the corresponding sequence parameters were , ms, 80-ms -preparation time, eight k-space segments, and a 10-excitation catalyzation sequence. The tissue contrast at the start of the acquisition is a complicated function of the -preparation time, the catalyzation sequence, and the tip angle of the host sequence. These parameters were chosen to maximize the initial blood/muscle contrast in the lower extremities at 1.5 T, without exceeding specific absorption rate limits.
The -preparation generates higher levels of magnetization and improved -contrast compared to regular SSFP, as displayed in Fig. 3 . Whereas the blood/muscle contrast reaches as high as initially, the host sequence drives the magnetization levels to a steady-state where the contrast decays to . In the absence of compensation, this reduces the captured contrast particularly at high spatial frequencies. On the other hand, the morphological differences between vessels and muscle are especially pronounced in the axial cross-section of the lower leg, which coincides with the two phase-encoding directions (left/right and anterior/posterior) in our 3-D acquisitions. Therefore, the blood signal can be effectively increased by compensating for its decay over the phase-encoding k-space dimensions, while the muscle signal remains relatively unaltered due to its lower spatial-frequency content.
To better understand the effects of compensation, we can examine the k-space variation of the acquired signal by combining (1), (2) , and (4). Assuming blood and muscle tissues are the only constituents for simplicity (5) where are the magnetizations and are the spatial distributions of the blood and muscle tissues. Because do not depend on , the integrals with complex-exponential kernels are equivalent to evaluating the Fourier transforms of at a given k-space location, i.e.,
The k-space compensation filter is computed for a desired tissue of interest, which is arterial blood in angiographic datasets. The filter weights, , are inversely proportional to the level of blood magnetization, , at each k-space location (7) where the scaling factor, , normalizes the filter amplitude to 1 at the center of k-space. The compensation is achieved by multiplying the k-space data, , with this filter
As expected, the filter effectively compensates for the bloodsignal decay. Because muscle tissue has low spatial-frequency content (i.e., for , where is considerably small) and the filter can be crudely approximated as for , the compensation does not affect the muscle signal significantly (9) Meanwhile, , a monotonically increasing function, amplifies the noise at high spatial frequencies as a side effect.
The signal compensation enhances the quality of the angiograms in two major aspects. First of all, because the blood signal is increased relative to the muscle signal, the overall blood/background contrast is improved. Furthermore, correcting for the blood-signal decay prevents potential loss of spatial resolution in transient acquisitions.
C. Compressed Sensing
Following the compensation, the high-spatial-frequency data are weighted more heavily, which causes regular Fourier reconstructions to suffer from increased image noise. This will not pose a problem when the precompensation SNR levels are relatively high (e.g., ), as decent image quality can still be maintained. Nonetheless, the reconstructions can benefit from complementary noise-reduction schemes in other cases. While numerous effective denoising techniques have been proposed [36] , compressed sensing is a particularly attractive candidate for MR angiograms. First, many denoising algorithms rely heavily on redundancies in the data, and CS can readily exploit the high degree of sparsity in angiograms. In addition, undersampling allows the quality of the angiograms to be significantly enhanced without increasing sensitivity to patient motion, improving their clinical utility. Therefore, flow-independent angiography can further benefit from the ability of CS to reconstruct undersampled acquisitions.
The theory of CS states that a nonlinear reconstruction can recover a signal of size from only of its samples (where ) if several conditions are met. First of all, the signal should be compressible. A signal of size is denoted as compressible if it can be accurately represented by coefficients of a linear transform (e.g., spatial finite differences, Fourier transform, wavelet transform). An angiographic dataset is highly compressible in the image domain, and its total variation (i.e., sum of spatial finite differences) has an even sparser representation [20] , [24] .
In addition, the aliasing artifacts due to the missing samples should be incoherent in the transform domain. When undersampled acquisitions were performed in this work, this condition was satisfied by employing variable-density random undersampling in the phase-encode plane [20] , [24] . First, a probability density function was constructed with a gradually diminishing density towards the edge of k-space. This function was then used to generate a random sampling pattern through a Monte Carlo procedure. It is important to note that random undersampling can cause variations in the blood-magnetization level among separate k-space segments, which are more pronounced at higher undersampling factors and in the periphery of k-space. We calculated the percentage difference between the highest and lowest magnetizations at each for the trajectories employed in this work. Even with , the maximum and mean differences across k-space were limited to 11.7% and 6.7%, respectively, and the differences in central k-space were negligible. Nevertheless, to prevent potential image artifacts due to abrupt variations in the filter values, a smooth filter was designed based on the minimum level of blood magnetization at a given among all segments. Finally, the reconstruction must simultaneously enforce the compressibility of the image and its consistency with the acquired data. This can be achieved through solving the following unconstrained nonlinear optimization
The first term is the weighted -norm difference between the reconstructed data and the compensated k-space acquisitions, and , respectively. This data-consistency term is accompanied by two regularization terms in the objective, the -norm of the image, , and its total variation, . Because the reconstructions are performed only on the phase-encoding dimensions in this work, denotes a partial Fourier operator. The outlined optimization produces the most likely coefficient estimates in the transform domain subject to the dataconsistency constraint. When the aforementioned conditions are satisfied, CS denoises the images while preserving the edges, thereby improving the apparent SNR.
The compensation filter, [described in (7) ], leads to colored noise in the data. A weighting factor of would then result in uniform weighting of the noise-related -norm error contributions across k-space. However, this also places a higher emphasis on enforcing data consistency at lower spatial frequencies, counteracting the effects of signal compensation. Instead, was employed for the reconstructions in this work, yielding 4%-7% improvement in blood/muscle contrast for in vivo angiograms, with no notable differences in the noise/artifact levels. for a fixed , (b) for a fixed . Because the readout clusters are lengthened for smaller and , the decay of the blood magnetization is steeper. In order to compensate for this decay, the filters weight a greater portion of higher-spatial-frequency data more heavily.
The implementation details of the algorithm are described in [24] . The objective was minimized using a nonlinear conjugate-gradient technique [20] .
-norm reconstructions can shrink (i.e., underestimate) the coefficients pertaining to low-contrast image features, further reducing their contrast. A sufficiently small was chosen to minimize the shrinkage effects while still enforcing sparsity. In addition, excessive TV regularization can lead to image flattening (i.e., block artifacts) and loss of small-sized image features. Therefore, a relatively small was used to mitigate such artifacts while effectively denoising the images. and were observed to yield good-quality reconstructions.
D. Simulations
The levels of improvement in image contrast and spatial resolution depend on several sequence and tissue parameters. First, the number of k-space segments or the undersampling factor can change the signal variation with , even if the remaining parameters are kept constant. For smaller and , the initial portion of the magnetization-decay curve is steeper as shown in Fig. 4 . This leads to greater resolution and contrast reduction in the original acquisitions. The compensation filter then weights a greater portion of higher-spatial-frequency data more heavily. Therefore, highest levels of improvement are achieved for smaller number of segments and acceleration factors, i.e., longer readout clusters. The contrast is also affected by the relative spatial-frequency contents of the two tissues. Because high frequencies are weighted more heavily compared to the center of k-space, the enhancement will be higher when the filter minimally alters the muscle signal (i.e., larger and more homogeneous blocks of muscle tissue). On the other hand, the blood signal benefits increasingly from the high-frequency amplification as the vessel sizes get smaller. Finally, because the compensation filter is designed using a priori estimates of relaxation parameters, any variations in (e.g., spatial or inter-subject) can change the actual contrast levels.
Another factor that impacts the image quality is the sparsity-based nonlinear reconstruction. By nature, CS will demonstrate enhanced performance on more compressible datasets. Whereas the compensation produces sparser images by reducing the background signal, the amplification of high-frequency noise increases the background variation. As a result, the reliability of noise/artifact removal inherently depends on the relative balance between these two counteracting components.
Several simulations were performed to assess the aforementioned relationships regarding contrast, resolution, and reconstruction performance as described in Sections II-D1-II-D3.
1) Contrast:
To demonstrate the effects of the number of segments and the vessel diameter, contrast measurements were performed on the numerical lower-leg phantom [ Fig. 2(a) ]. This phantom was constructed by modeling muscle tissue and blood vessels with circular cross-sections in the axial plane for simplicity. The average luminal diameters of the major deep vessels in the lower leg range approximately from 2 to 4 mm [37] , [38] , while small vessel branches could be narrower. Therefore, the phantom included four vessels with diameters of 1, 2, 3, and 4 mm, respectively, and the diameter of the muscle tissue was 100 mm. The axial phantom images covered a 128 128-field-of-view sampled with a 1024 1024 matrix. Two image masks, ( denoting the spatial coordinate), were formed to separate the blood and muscle components, respectively. To avoid abrupt signal transitions, a Fermi window was used to provide a four-pixel-wide transition on the periphery of each circular structure.
Magnetization-prepared phantom images were produced by first simulating the blood and muscle magnetizations, , with respect to k-space location -as described in the Methods section (Fig. 3) . These magnetizations were sampled on a 128 128 grid to yield a nominal isotropic resolution of 1 mm (10) where denote the discrete sampling locations in the phaseencode plane. Afterward, the Fourier transforms of the image masks, , were sampled on the same grid. To compute the contribution from each component, the Fourier transform of its mask was multiplied with the corresponding magnetization. These contributions were then summed to simulate the acquired k-space data (11) The data, , were reconstructed without and with compensation for the blood-signal decay. The blood/muscle contrast, i.e., the ratio of the mean blood signal to the mean muscle signal, was then quantified on regular and compensated images. Mean blood signals were measured on each vessel separately, and the entire muscle tissue was selected to calculate the mean background level.
The robustness of the compensation filter was evaluated against variations in relaxation parameters with a separate series of simulations. First, the four parameters of the numerical phantom (i.e., of blood and muscle tissues) were individually perturbed within the range in nine linear steps, while the rest of the parameters were kept at their nominal values. In addition, spatial variations were simulated by modeling the large block of muscle tissue as nine concentric annuli, which were assigned different or values varying linearly in the range. Blood/muscle contrast measurements were performed on regular and compensated images following the aforementioned procedure. Means and standard deviations of these measurements were computed across the axes of perturbation.
2) Resolution: Whereas the previous simulations demonstrated contrast variations, the level of resolution improvement was quantified using a measure of relative resolution based on the point spread function (PSF, i.e., the reconstructed image for an impulse object), as described in [39] . The relative resolution was assumed to be the radius of a cylinder with a height equal to the peak amplitude of the PSF, and a volume equal to the integral of the PSF. A 128 128 sampling grid was again formed in the phase-encode plane -, yielding a nominal isotropic resolution of 1 mm. For various numbers of k-space segments, the variation of the blood-magnetization level was simulated as a function of k-space radius for both the regular and compensated cases as shown in Fig. 3 . These magnetizations, , were separately sampled on the k-space grid, and their inverse Fourier transforms yielded the corresponding PSFs,
. Finally, the ratio of the volume under the PSF to the peak amplitude of the PSF was computed, and the nominal resolution was quantified by the square root of this ratio (12) 3) Reconstruction Performance: To analyze the effect of compensation on the CS reconstruction, Monte Carlo simulations were performed using the numerical lower-leg phantom. Image SNR levels varying from 5 to 60 (measured on muscle tissue) were maintained by adding bivariate white Gaussian noise to magnetization-prepared data. Regular and compensated phantom images were then reconstructed. Afterward, the spatial-finite-differences transforms of both images were computed across a horizontal cross-section with two separate vessels.
An improvement in sparsity is indicated by increased peak levels of finite-differences (FD) coefficients relative to the background variation. Therefore, the FD-domain SNR was utilized as a performance measure for the sparsity-enforcing reconstructions. The maximum FD coefficient was normalized by the standard deviation of the background to quantify . The standard deviation was estimated as , where IQR denotes the interquartile range of the background coefficients [40] . IQR, robust against outliers, was chosen as a more reliable dispersion metric for sparse signals than a direct measurement of . Sample noise generation and the following procedure were repeated 1000 times, and the results were averaged. Paired Student's t-tests were performed between the sample SNR levels of the regular and compensated cases.
E. Experiments
In vivo noncontrast-enhanced flow-independent angiograms of the lower leg were produced on a 1.5T GE Signa EX scanner with CV/i gradients (maximum strength of 40 mT/m and slew rate of 150 T/m/s) using a quadrature transmit/receive extremity coil. The magnetization-prepared acquisitions employed a 3-D Cartesian ATR SSFP host sequence. The following set of common scan parameters were prescribed: 192 128 128-field-of-view, 1 1 1-spatial resolution, , 4.6-ms total TR ms , 1.725-ms TE, 125-kHz readout bandwidth, 80-ms -preparation, 10-tip linear ramp catalyzation, and a 4-s recovery time between consecutive segments. Meanwhile, the number of k-space segments , the undersampling factors , and the total scan times ( ) were varied.
Both fully-sampled and undersampled acquisitions were performed to demonstrate the proposed technique. For the fully-sampled case, three datasets were collected with and corresponding s, while the number of phase encodes per k-space segment were (4096,2048,1024), respectively. Although the time spent for magnetization preparation was proportional to , the total number of phase encodes remained constant. Hence, the increase in was less than linear with . As an alternative, three undersampled datasets were acquired with , , (4096,512,186) phase encodes per segment, and s each. While the scan times were kept constant, higher undersampling factors were required to enable more frequent preparation. Four sets of images were produced from fully-sampled datasets using Fourier and CS reconstructions both without and with signal compensation. Meanwhile, undersampled data were reconstructed using CS without and with signal compensation. The data were zero-padded by a factor of two in all three dimensions to improve the visualization of the maximum-intensity projections (MIPs).
To quantify the level of contrast improvement achieved by the proposed technique, the mean signal levels were measured in identical regions of the source images reconstructed with CS. The blood signal was measured on the medial to distal segments of anterior/posterior tibial and peroneal arteries. The average diameters of the vessel lumens used in the measurements were approximately 2 mm. Meanwhile, neighboring regions of homogeneous signal were selected to measure the background muscle signal. Finally, the blood/muscle contrast was computed as the ratio of the mean blood signal to the mean muscle signal. . The data were reconstructed without and with compensation for the blood-signal decay, as shown in the left and right columns respectively. A sample cross-section across the dotted line is displayed for each image (middle row) along with its spatial-finite-differences transform (bottom row). The signal compensation considerably reduces the level of background muscle signal, and depicts the blood vessels with improved spatial resolution compared to the regular reconstruction. While the compensation significantly enhances the finite-differences peaks at the vessel edges, the background variation also increases due to amplified high-frequency noise. The success of the sparsity-based reconstruction inherently depends on the relative contributions of these two factors.
III. RESULTS
The numerical lower-leg phantom images reconstructed without and with signal compensation are shown in Fig. 5 . The compensated image looks sharper than the regular reconstruction. In addition, the background muscle signal is significantly reduced with the help of compensation. The blood/muscle contrast measurements in magnetization-prepared numerical phantom images are listed in Tables I-III. Table I shows the variation of contrast with vessel diameter for . On the other hand, Table II demonstrates the effect of for a fixed vessel diameter of 2 mm. As theoretically predicted, the compensation attains the highest levels of improvement for smaller vessel diameters and . It is also important to note that the percentage contrast difference between the 1-and 4-mm vessels is reduced from 27.7% to 6.2% after compensation. Finally, the effects of variations are listed in Table III for a 2-mm vessel, and . Whereas perturbations (particularly for muscle) increase the standard deviation of contrast compared with variations in , both the contrast levels and percentage improvements with compensation are nearly identical to their nominal values. Therefore, the compensation filter is robust against such parameter variations. Fig. 5 also displays the horizontal cross-sections and corresponding finite-differences (FD) transforms of the regular and compensated images. In the FD domain, the peaks near the blood vessels are higher and sharper due to the improvements in contrast and resolution with compensation. Furthermore, the plots of in Fig. 6 show that the increased peak levels outweigh the noise amplification for . This suggests that the performance of CS reconstructions can be potentially enhanced with compensation as well. Meanwhile, the FD-domain SNRs for regular and compensated cases are nearly identical for lower . Fig. 7 clearly demonstrates the effect of the proposed technique on spatial resolution. The regular PSF is widened due to the transient signal decay, and its peak amplitude is reduced. Meanwhile, the compensated PSF has a much narrower mainlobe as expected. Table IV lists the corresponding spatial resolutions. Whereas the image resolution in regular acquisitions is lowered to 1.4 mm, the proposed technique successfully maintains the nominal resolution of 1 mm in all cases.
As shown in Figs. 8 and 9 , the proposed technique improves the contrast and resolution for both the fully-sampled and undersampled in vivo angiograms, enhancing the depiction of the vasculature. The Fourier and CS reconstructions alone of regular data yield suboptimal muscle suppression. Fig. 8 also displays the regular and signal-compensated angiograms without the CS reconstruction, which suffer from increased noise levels. Contrarily, the combination of CS with signal compensation generates high blood/background contrast and recovers the blood signal reliably by reducing the image noise. Table V lists the measurements of in vivo blood/muscle contrast. The proposed technique achieves significantly improved contrast (up to 48%) in all datasets, but the highest levels of improvement are observed for smaller and . The contrast measurements in fully-sampled angiograms (Table V) have similar values to those in the numerical phantom (Table II) . Furthermore, the corresponding percentage improvements due to The SNR in the spatial-finite-differences domain is displayed as a function of the image SNR, for regular and compensated data. The circles and the stars represent the actual SNR levels, and the dashed lines are the corresponding fourth-order polynomial fits. While there are no significant differences at low , the compensated is higher for . This indicates that signal compensation can potentially enhance the performance of the CS algorithm. In particular, the improvement in sparsity due to enhanced background suppression outweighs the adverse effects of noise amplification in this SNR range. Fig. 7 . Regular and compensated point spread functions (PSFs) were computed in the phase-encode dimensions by simulating the arterial-blood signal ms . Central cross sections of the PSFs are plotted in logarithmic scale. The regular PSF is widened and has a reduced peak amplitude due to the signal decay. On the other hand, the compensation significantly improves the signal homogeneity across k-space, and successfully maintains the nominal spatial resolution. compensation are nearly identical. It is important to note that the proposed technique achieves enhanced resolution and contrast with shorter scan times and lower accelerations compared to regular acquisitions. For example, the compensated contrast for is higher than the regular contrast for , although requires a 56% longer total scan time.
IV. DISCUSSION
The proposed technique enhances the resolution and contrast of magnetization-prepared acquisitions by signal compensation. Afterward, the image noise and aliasing artifacts are reduced with the help of CS, allowing more reliable depiction of the underlying tissue signal. The technique substantially improves the visualization of the vasculature in noncontrast-enhanced peripheral SSFP angiograms.
1) Limitations:
Whereas the increase in resolution with the proposed technique can be readily anticipated, the contrast improvement arises due to the lower spatial-frequency content of the background. Because this improvement depends on the relative spectral widths of the sample tissues, the signal of smaller vessels will benefit more than that of larger vasculature. However, we have not observed any loss in image quality for large vessels due to this effect. In fact, the compensation produces more homogeneous contrast for varying vessel sizes (Table I) , yielding more consistent and reliable visualization.
The phantom and in vivo measurements indicated nearly identical percentage improvements in contrast, but the contrast values themselves were slightly different. Several factors might have led to these minor discrepancies. First, the muscle signal in short-TR SSFP acquisitions is further reduced due to magnetization-transfer effects [41] , increasing the in vivo blood/muscle contrast. Furthermore, in vivo values can be potentially different from the simulated values. The amplification of high spatial frequencies can lead to edge enhancement in certain tissues, which experience a smaller signal change between the preparation and steady state compared to the tissue of interest. While some level of edge enhancement was visible in the simulations for muscle tissue, its signal is much smaller compared to that of blood. Furthermore, no significant artifacts were observed in vivo despite the shorter of muscle, possibly due to its lower frequency content. When background tissues with considerable high-frequency content are insufficiently suppressed, partial decay compensation can help prevent edge enhancement [42] .
2) Comparison to Existing Methods: Several other strategies are often used to improve the performance of magnetization-prepared imaging. First of all, the background can be better suppressed by shortening the readout clusters (i.e., increasing ). However, the data acquisition becomes less efficient, and prolonged scan times can yield increased sensitivity to motion artifacts. When high-energy RF pulses are employed (e.g., adiabatic pulses), frequent preparation also results in increased specific absorption rates and limits the applicability at high field strengths.
Meanwhile, various techniques have been previously proposed to enhance the spatial resolution in transient acquisitions. On the one hand, variable-flip-angle trains can yield more consistent signal across k-space to prevent image blurring [8] , [17] , [43] . Although signal homogeneity is maintained, this scheme reduces the overall signal levels. Furthermore, different trains need to be designed for various imaging conditions, increasing the susceptibility to inhomogeneities. On the other hand, specialized postprocessing methods have been successfully employed to compensate for the transient signal decay [44] - [46] . These methods often estimate the relaxation constants at each pixel for a more accurate correction. However, because the reconstructions do not include a denoising step, their use is mostly limited to high-SNR imaging scenarios. As a remedy, the high-frequency noise has been dampened by weighting the k-space correction filter with a low-pass window [47] , [48] . While the level of noise amplification is reduced, the ideal PSF and spatial resolution cannot be preserved with this strategy.
The proposed technique fully compensates the signal decay to maintain the prescribed nominal resolution, and reduces the resulting noise with CS reconstructions. Similar to other postprocessing approaches, it does not require any modification of the scan parameters or the imaging sequence. The tissue/background contrast is improved without sacrificing scan efficiency. Furthermore, the technique offers enhanced applicability at higher field strengths along with improved robustness against RF field inhomogeneities compared to existing techniques. It may potentially benefit other applications, where the initially prepared contrast is gradually replaced with a lower steady-state contrast (e.g., -prepared [49] , [50] , and hyperpolarized imaging [51] ). 3) Potential Improvements: There are potential variations that can help improve the proposed technique. First, when the signal decays very rapidly, full compensation may deteriorate the image quality due to high noise amplification. In such cases, variable-flip-angle trains can be used to partially improve the signal homogeneity, while the remaining decay can still be corrected with postprocessing [52] . This hybrid can further extend the applicability of the technique by reducing the overall image noise. Furthermore, the k-space correction filter is computed from the relaxation parameters of a single tissue of interest. When the signal from heterogeneous samples need to be compensated, improved methods that estimate the spatially varying relaxation parameters can be incorporated [44] - [46] .
The nonlinear reconstructions in the CS framework rely on iterative computations that are relatively intensive. Reducing the complexity of such reconstructions is an active field of research, and the proposed technique can potentially benefit from further developments in this field [20] . In applications where the data are not compressible in the image domain, the TV regularization term in CS reconstructions can be replaced with an appropriate sparsifying transform (e.g., wavelet transform). CS can also be replaced with a combination of parallel imaging [11] , [12] and specialized denoising methods [36] , and the use of this combination in conjunction with the proposed technique should be straightforward. Partial Fourier imaging is yet another acceleration technique, e.g., partial echo acquisitions can be employed to improve the spatial resolution in the readout direction without affecting the TR of the host sequence. Nevertheless, the scan-time savings and the reconstruction quality might be limited by undesirable phase shifts due to field inhomogeneities, eddy currents, and patient motion [35] .
V. CONCLUSION
Magnetization-prepared acquisitions often require prolonged scan times and suffer from image blurring. The proposed technique enhances the image contrast and resolution through simple postprocessing of the collected data, while maintaining high scan efficiency. Therefore, it improves the robustness and applicability of magnetization-prepared imaging, particularly when scan times are constrained. These improvements were quantitatively demonstrated in theoretical simulations and in vivo noncontrast-enhanced peripheral angiograms.
